End distribution has always been an obstacle in logistics operations. This paper finds that intelligent logistics can have the functions of visualization, prediction, control and decision-making through the rational use of big data and artificial intelligence technologies. At the same time, this paper combines the sustainable development concept of green logistics to further study the green vehicle routing problem based on traffic flow. Intelligent logistics systems help control costs, improve energy efficiency, reduce carbon emissions, and improve customer satisfaction.
I. INTRODUCTION
Sustainable development has become one of the key topics in today's world, and the pursuit of a green economy plays an important role in building a sustainable planet [1] - [2] . How to promote the construction of green logistics is gaining increasing attention from scholars and entrepreneurs. Modern logistics technology may be the key to breaking this deadlock [3] . Using modern logistics technology to build an efficient logistics platform is an effective means to seize opportunities in the global competitive environment. However, modern logistics still face challenges. The increase in customer demands, the complexity of the traffic situation, information asymmetry and cost uncontrollability are important obstacles affecting logistics distribution. These obstacles are an important reason for the high cost and inefficiency in the ''the last kilometre of logistics distribution'' [4] . Since the development of the logistics industry, ''the last kilometre of logistics distribution'' problem has always existed. The reasons for this problem are (1) the actual deviations from expectations (e.g., changes in traffic conditions, changes in customer demand, and vehicle damage) and (2) the increasing demand for logistics operations (e.g., customers' evaluation of distribution services is more demanding, and complex actual conditions and social policies are increasingly demanding distribution The associate editor coordinating the review of this manuscript and approving it for publication was Longxiang Gao . centres) [5] . Fortunately, the development of big data and intelligent technologies has driven the development of smart logistics. Building a smart logistics platform is conducive to controlling costs, improving efficiency, reducing energy consumption, etc.
Compared with traditional logistics distribution, smart logistics distribution uses identification technology, data mining, artificial intelligence, GPS technology, and other technology-based tools. These tools offer the following advantages. (1) Smart logistics have visibility. For example, GPS technology can obtain geographic information to form a distribution route map, and at the same time, with vehicle GIS technology, the vehicle position can be displayed on the distribution route map [6] . By integrating vehicle and geographic information, smart logistics form a visual monitoring system. With the use of visualization technology, through the realtime monitoring of vehicle and environmental information, smart logistics can effectively predict emergencies, which may occur at any time, and provide guidance for the supply centre in making timely response decisions. The characteristics of smart logistics visualization effectively solve the two major problems of traditional logistics: information asymmetry between the vehicle and the supply centre and the supply centre's restricted knowledge of the delivery vehicle's realtime circumstances. (2) Smart logistics have controllability. In the logistics distribution process, the environment is an uncontrollable variable, and its instability causes problems, VOLUME 8, 2020 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ such as increased costs and reduced efficiency. The theory of social interaction emphasizes the interactions among the environment, individual and behaviour. In the interaction process, the environment affects the individual's behaviour, and individual behavioural changes affect the environment to a certain extent [7] . Similarly, in logistics distribution, environmental factors affect whether a delivery vehicle can smoothly serve customers, and the rational control of the vehicle reduces the adverse impact of the environment. Asymmetric and insufficient information has always been an important source of the difficulty in solving the vehicle-control problem. However, through the acquisition, analysis and processing of intelligence, smart logistics is able to solve this problem.
In response to an uncontrollable environment, smart logistics can reduce uncontrollable costs and improve distribution efficiency by rationally controlling vehicles. (3) Smart logistics is a forward-looking system. With the acceleration of information management, the circulation of goods has increased. The key to the success of the logistics industry is whether it can find a reasonable and effective vehicle delivery route. The way in which to reduce logistics costs and improve terminal satisfaction depends on the decisions made by the logistics system. Neural networks and optimization algorithms have been important tools for guiding the choice of the logistics distribution path. Today, smart logistics can use big data mining technology to predict traffic and weather conditions in different time periods and further improve the path selection of smart logistics vehicles in different situations according to various factors (such as inventory status, cargo type and customer demand). (4) Smart logistics is an adaptive system. From the economics perspective, an adaptive system has three main features. First, an adaptive system can analyse heterogeneous individual behaviours and interactions [8] . Second, under circumstances of incomplete information, such a system can achieve bounded rationality [9] . Third, an adaptive system can predict and avoid subsequent economic loss [10] . This paper extends such thinking to logistics and distribution. Moreover, this adaptive system has three primary aspects: (1) it recognizes the interactions among different constraints, (2) it makes rational vehicle routing decisions, and (3) it predicts and avoids subsequent financial losses. The smart logistics distribution system can automatically adjust the delivery route and processing parameters by considering the relevant data characteristics and constraints of the relevant goods to make the best decision possible. Additionally, smart logistics can intelligently adjust themselves according to changes in circumstances to ensure the best decision.
Smart logistics distribution is characterized by visibility, controllability, being forward-looking and adaptability. These characteristics determine the rationality of the smart logistics distribution process. Therefore, this paper studies how smart logistics systems can help managers make decisions under complex traffic conditions to reduce costs, carbon emissions and fuel consumption and improve customer satisfaction.
II. LITERATURE REVIEW
Green logistics and smart logistics are the products of a new era. Green logistics comprise a logistics system that is coordinated with the ecological environment and promotes the concept of sustainable development to achieve the highest resource utilization and minimal impact on the environment [11] . Green logistics include the ''greening'' of all logistics operations processes and the green management of reverse logistics such as waste recycling [12] .
However, smart logistics emphasize technological breakthroughs. Modern smart logistics have placed the development focus on the use of existing big data, the Internet, the Internet of Things, sensors and other technologies to improve the quality of terminal services, reduce costs and improve the efficiency of logistics and distribution operations [13] . Smart logistics pervade the entire process of goods transfer, including transportation, warehousing, distribution, packaging, loading and unloading, and information processing. Through real-time monitoring and the sharing of information on production and logistics process es, smart logistics have significantly improved the efficiency of logistics resource management and configuration, and the level and capability of logistics services have also been substantially developed [14] . Smart logistics are characterized by intelligence, integration, flexibility and socialization [15] , which reflect the future development trend of intelligent logistics. (1) In the logistics field, the smart logistics system should be constructed in a manner that promotes the integration of all logistics-related information in the transportation chain to ensure the monitoring and sharing of information [16] . (2) The advantage of smart logistics lies in their flexibility, as they can accommodate the concept of green logistics and build a new modern logistics system. The challenge of this logistics system is the integrity of the framework, the advancement of technology and the sustainability of development. Higher market demand, higher service requirements and other challenges in the future can be overcome only by continuously promoting the concept of green logistics and developing smart logistics technology.
In a logistics system, the key link has always been end distribution, which can be a good measure to evaluate the combination of green and smart logistics. The reason for this is that (1) end distribution can combine green costs with other real costs and that (2) the goal of developing a green and smart logistics system is still to control end distribution costs. End distribution is a route plan that is rationalized based on the geographic location of the distribution centre and customer. The academic community has summarized it as the vehicle routing problem (VRP). The VRP has been an important research direction in operations research since the field's introduction. With the development of research on VRPs, complicated VRPs are constantly being discovered, for example, VRPs with time window constraints (VRPTW), VRPs with load constraints (CVRP) and VRPs in multiple distribution centres (MDVRP). In recent years, research advances with respect to VRPs have primarily involved the following three aspects: different constraints, different research subjects and different strategies. Scholars' assumptions regarding the constraints of VRPs are more complicated and relevant to the current social development trends.
Initially, only the constraints of the logistics centre and customer were considered. Today, social policy, the traffic environment and other issues are also considered. For example, considering the sustainable development of society, the green VRP (GVRP) in connection with the carbon trading mechanism has been widely studied [17] - [20] . In addition, due to real-time information changes, the VRP cannot be simply regarded as a static problem [21] . The optimization results of the VRP differ widely according to the research subject. For example, the optimization process of the rescue VRP involves paying increased attention to efficiency issues [22] . The VRPs of the transportation of dangerous goods must consider safety factors and the avoidance of risk [23] . Thus, scholars continue to improve and optimize problem-solving strategies. For example, the pseudo-polynomial time strategy achieves better results in solving VRPs with capacity constraints than in solving other VRPs [24] . The Lagrangian relaxation method facilitates the solving of the fuzzy location-routing problem by decomposing the problem into the location-allocation problem (LAP) and the VRP [25] . This bi-level model can effectively solve the problem of location and vehicle routing with multi-agent participation [26] .
Scholars have thoroughly studied the VRP from the perspectives of constraints, research subjects, and solution strategies. However, the problems of unscientific cost calculation and limitations of the objective function still exist. Thus, a dynamic GVRP is proposed in this paper. The contributions of this GVRP proposal are as follows. (1) Based on the perspective of green logistics, this study adds green cost, including energy cost and carbon emission cost, to the objective function. Based on the perspective of smart logistics, this paper further considers the customer satisfaction cost based on the time window from the perspective of practice.
(2) This study considers the cost calculation of real-time changes, mainly related to distance, speed, load and other related factors. The consideration of real-time speed and load changes to calculate energy cost and carbon emissions cost is more realistic than considering other characteristics. At the same time, speed changes also lead to different levels of customer satisfaction.
III. FORMAL DESCRIPTION OF THE GVRP
The GVRP is a derivative of the VRP. Compared with the traditional VRP, the complexity of the GVRP is reflected in the fuel consumption cost and carbon emission cost because fuel consumption and carbon emissions are related to speed, vehicle type, load and other factors. Thus, we discuss the elements of the GVRP and the mathematical model for solving it.
A. ELEMENTS OF THE GVRP 1) DISTRIBUTION CENTRE
The distribution centre is the main body of logistics operations. The ability to meet customer and social policy needs depends on the sophistication of the distribution centre. Among the issues being discussed, we focus on the hardware facilities of the distribution centre, including its vehicles and yards. At present, the research on VRPs in academia is generally divided into multiple-yard problems and single-yard problems and same-vehicle problems and different-vehicle problems. The main purpose of this paper is to verify the impact of vehicle load and speed on GVRPs. For this reason, we chose a distribution centre with a single yard and the same type of vehicle as the research object.
2) CUSTOMER
The customer is the object of logistics operations. The customer's location information, demand volume and delivery time window all influence the direction of the logistics operation route. The importance of the customer's location information and demand is reflected in its ability to influence the distribution costs of the logistics operations subject. The time window mainly reflects customer satisfaction. For example, there are ''i'' customers in the logistics operation who need to complete tasks. For each customer, there is a corresponding time interval for completing the tasks. If the time to reach customer ''i'' is within the interval, customer satisfaction is high; otherwise, customer satisfaction is low.
This paper studies the GVRP under a soft time window. When the vehicle arrives at customer ''i'' earlier than the time window, the distribution centre will lose the corresponding opportunity cost. When the vehicle arrives at customer ''i'' later than the time window, the distribution centre will provide the customer with a corresponding subsidy to improve customer satisfaction. In this way, we consider customer satisfaction a cost variable. Under the constraint of the time window, the distribution centre will bear the corresponding penalty cost. The specific penalty cost function (CP) is as follows:
where ''ti'' is the time to reach customer ''i'', ''ETi'' is the earliest delivery time that can is acceptable to customer ''i'', ''LTi'' is the latest delivery time that can be tolerated by customer ''i'', ''CE'' is the opportunity cost coefficient and ''CL'' is the compensation cost factor.
3) LOAD
In the GVRP, the load has an impact on fuel consumption. The costs of the vehicle's no load and full load are completely different when the vehicle is driving. For the calculation of fuel consumption with load, we refer to the study of Wang, 2017 [27] . This computational model can intuitively reflect the direct impact of the load on fuel consumption. The calculation formula for fuel consumption is as follows.
At no load, the fuel consumption of the vehicle from node i to node j is calculated as follows:
where ''FPKij'' is the fuel consumption per kilometre between nodes i and j, and dij is the distance from node i to node j. When considering the vehicle load, the fuel consumption of the vehicle from node i to node j is calculated as follows:
where ''p'' is the fuel consumption growth rate caused by the extra load, wij is the vehicle load between nodes i and j, and W is the maximum vehicle load.
We can obtain the following calculation model from equations (2) and (3):
4) SPEED
Speed is an indispensable variable in the issues we are discussing. On the one hand, the change in speed will affect the change in fuel consumption [28] . On the other hand, under the time window constraint, the importance of speed is amplified because it directly affects customer satisfaction. The current widely accepted view in the academic world is that speed changes with traffic flow [29] - [30] . We refer to the study of Cao et al., 2018 to divide the traffic flow of the road in one day into three states: unblocked time, normal time, and congested time. The velocity distribution function under these different traffic conditions is as follows:
where tw1, tw2, and tw3 represent the three traffic states of unblocked time, normal time, and congested time periods, respectively. In the unblocked time period, lnv(t) conforms to the normal distribution, and in the normal and congested time periods, v(t) conforms to the normal distribution. Correspondingly, in the unblocked, normal, and congested time periods, the average speed of driving is Vw1, Vw2, and Vw3, respectively. From this finding, we can calculate the average speed of the vehicle from node i to node j as follows:
where ''dw1'' is the distance travelled in the unblocked traffic state from node i to node j, ''dw2'' is the distance travelled in the normal traffic state from node i to node j, and ''dw3'' is the distance travelled in the congested traffic state from node i to node j. When we master the change law of speed during vehicle distribution, the fuel consumption of the vehicle under variable speed can be deduced. A viewpoint that supports us in deriving a variable speed fuel consumption calculation model has been proposed by scholars. The relationship between vehicle speed and carbon emissions per kilometre (CEPK) is U-shaped [31] . At the same time, there is a linear relationship between fuel consumption per kilometre (FPK) and CEPK.
Based on the above findings, when the vehicle is in the process of driving from node i to node j, the following inferences are drawn:
where η is the carbon emissions conversion coefficient, and ''a'', ''b'' and ''c'' are the coefficients of functional relations.
5) OBJECTIVE FUNCTION
The ultimate goal of the GVRP discussed in this article is to control costs. Since there are two constraints-green economy and customer satisfaction-in this problem, the final cost should be composed of two parts. The first part of the cost (C1) should be the fuel consumption and carbon emission costs in the dynamic distribution process. 
where Cf is the cost of fuel consumption per litre and Ce is the cost of carbon emissions per unit. The second part of the cost (C2) is the penalty cost under the constraint of customer satisfaction.
C2 =
Cp(i)
The advantage of this objective function is that it (i) does not repeat the cost calculation, (ii) reflects the role of load and speed; and (iii) meets the important conditions for creating a green economy and improving customer satisfaction.
B. GVRP FORMULATIONS
The GVRP discussed in this article can be described as the distribution centre planning driving directions based on customer needs. The purpose of such route planning is to minimize the total costs, which consist of carbon emission costs, fuel consumption costs, and time window costs. In addition, in the GVRP, the following needs to be considered. (1) The service capacity of the distribution centre can meet the needs of all customers. (2) All delivery vehicles need to depart from and return to the distribution centre. (3) The vehicle load cannot exceed its maximum load. (4) Vehicles are allowed to visit customers outside the time window. If they arrive early, the vehicles need to wait for the customers. If they arrive late, the vehicles need to financially compensate the customers.
When used in conjunction with the content in 2.1, the following GVRP formula is derived:
S.T.:
In the above model, most of the mathematical symbols have been explained in 2.1. Here, we explain the mathematical symbols that have not previously appeared. For example, ω is the weight of the total cost of carbon emissions and fuel consumption, γ is the weight of the time window cost, ti is the departure time of the vehicle from customer i to the next customer, sti is the time the vehicle waits at customer i, tij is the time it takes for the vehicle to travel from customer i to customer j, Demand (i) is the demand of customer i, and wi is the load value when the vehicle reaches customer i.
Equations (10) and (11) are the objective functions. Equation (10) is the sum of the fuel consumption and carbon emissions costs of all vehicles to complete the delivery task; equation (11) is the sum of the time window costs generated during the delivery process; equations (12) and (13) are the 0-1 variables declared in the article; equation (14) indicates that the vehicle load can meet the needs of all customers on the vehicle's delivery route; equation (15) means that each customer can receive a delivery from only one vehicle; equation (16) is a formula for calculating the time when the vehicle leaves customer j; equation (17) explains that if the vehicle arrives at customer i before the time window, then it needs to wait; equation (18) is used to calculate the time spent travelling from customer i to customer j, where Vij is the average speed during this time; and equation (19) calculates the vehicle load value between customers i and j.
IV. SOLVING THE GVRP
As the number of customers and constraints increases, the solution of the VRP is highly prone to a combination of problems. This paper uses the ant colony algorithm to address this issue. In nature, when ants search for food, they release a pheromone between the food source and the nest. This pheromone affects the ant colony's foraging behaviour. Italian scholars Dorigo et al. carefully studied this phenomenon and proposed an ant colony algorithm that continuously simulates the foraging behaviour of ant colonies [32] . The ant colony algorithm is a heuristic bionic evolutionary algorithm based on swarm intelligence. When the ant colony algorithm was first proposed, it was used in the travelling salesperson problem (TSP). Because the ant colony algorithm has many advantages (such as strong robustness, distributed computing, and a positive feedback mechanism), it is widely used in TSP-like graph search problems, particularly VRPs. The solution process based on the ant colony algorithm is as follows.
1) INITIALIZATION OF THE COORDINATES OF THE STARTING POINT
The ant colony algorithm provides a good solution to the TSP. Based on this solution, this paper transforms the VRP into a constrained TSP. In the TSP, the ant colony algorithm is applied to randomly set the initial positions of several ants in different cities. Considering that the delivery vehicle must start from the distribution centre in the VRP, the solution strategy in this paper is to fix the coordinates of the starting positions of several ants in the distribution centre. That is, when Tabu (i, n) = 0, Tabu (i, 1) = 1. Here, Tabu is the list of customers that an ant walks through.
2) VEHICLE SELECTION STRATEGY FOR UNVISITED CUSTOMERS
After determining the current location of the ant, we further observe the Tabu list. When Tabu (i, n)>0, the coordinates of all clients visited by the ants are recorded in the table. Thus, customers not accessed by the ants are identified and recorded in a new list ''J''. Next, the ant selects the next customer to be accessed from list ''J'' according to the roulette betting principle. Equation (20) provides the formula for calculating the probability that an ant chooses the next city. According to the roulette betting principle, first, the cumulative probability that ants choose different customers must be calculated. Second, this cumulative probability is compared with the random number "rand". Third, if the cumulative probability is greater than "rand", then the last added probability in the summation is the optimal probability, and the corresponding customer will be the next customer that the ant chooses to access. Furthermore, the selected customer coordinates are recorded in the Tabu list. The ants continue to select the customers to be visited next until all customers are accessed.
In equation (20) , σ ij(t) represents the visibility between paths, τ ij(t) represents the amount of information on the path at this time, p k ij (t) represents the probability that the ant is transferred from customer ''i'' to client ''j'' at this time, α and β are parameters that represent the degree of importance, and allowed k represents the customer coordinates at which the ant can transfer. Here, constraints should be considered, such as that of formula (14) . If the constraint of formula (14) is not satisfied, the ant should select other customers. If there is no customer that satisfies the condition, then the ant returns to the starting point. When the ant returns to the starting point, the time spent on the path is cleared to facilitate the calculation of the penalty cost under the time window.
3) PHEROMONE UPDATE STRATEGY
In the ant colony algorithm, too many residual pheromones will hinder the generation of heuristic information. After the ants have passed all positions, the residual information should be updated according to the rules of equations (21) and (22) .
where ρ represents the pheromone volatilization coefficient, the general value of which is [0, 1). τ ij(t) represents the pheromone increment on the path. τ ij(t) has different solutions under different pheromone update strategies. Dorigo has proposed three different update strategies: the ant-cycle system, the ant-quantity system and the ant-density system. The ant-cycle system considers the global overall information and exhibits better performance in solving the graph search problem than do the other systems. Therefore, the ant-cycle system is used in this paper, and the update rule is as shown in equation (23) .
In equation (23) , G k represents the total cost for the ant to complete the delivery.
4) ALGORITHM PROCESS
Step one: set t = 0 and NC = 0; m (number of ants), NC_max (maximum number of iterations) and the related parameters are the input.
Step two: when the Tabu list is empty, the distribution centre is set as the starting point.
Step three: the unvisited customer is recorded, and the ant selects the next customer to visit according to the rule of equation (20) and the roulette betting principle. In this stage, if the constraint is not satisfied, then P(k) = 0.
Step four: after determining the location of the next visited customer, the average speed, vehicle load, arrival time, etc., in the next road segment can be calculated with equations (16), (17), (18) , and (19) . From this approach, we can calculate the fuel consumption cost, carbon emissions cost and time window cost that the distribution centre needs to bear in the road section.
Step five: when all customers have been visited, the total cost of completing the distribution can be calculated.
Step six: the feasible solution is constructed, and the pheromone strategy is applied according to the rules of equations (21), (22) , and (23).
Step seven: whether the number of iterations equals the maximum number of iterations is determined. If yes, the process ends; otherwise, the process returns to Step two.
Step eight: the result is output, and the optimal path map is drawn by writing the drawing code. At this point, the GVRP has been solved.
V. COMPUTATIONAL EXPERIMENTS
The simulation data in this paper are taken from the research of Cao Qingkui et al., 2018 and Li Jin et al., 2015 [30] , [33] , and some changes have been made to the individual data according to the research in this paper. The specific simulation data are as follows: a distribution centre has M cars of the same model used to serve 20 customers, each with a limited load capacity of 40 t. The customer information is shown in Table 1 .
According to the study of WANG, 2016 [34] , the speeds of the vehicle at different time periods are shown in Table 2 . Assume that the delivery vehicle's working time of one day starts at 8:00 and ends at 21:00. In the unobstructed time period, lnv(t) conforms to the normal distribution. The average speed during the unobstructed time period is approximately 20 km/h. In the normal and congested time periods, v(t) conforms to the normal distribution. The average speed during the normal time period is approximately 35 km/h. The average speed during the congested time period is approximately 10 km/h. Experimenting with the above simulation data, we first discuss whether the start time of task assignment will affect the distribution cost without considering customer satisfaction. The experimental results are shown in Table 3 . The results show that different start times have different impacts on distribution costs, which is not unexpected. Without considering customer satisfaction, the distribution centre needs to calculate only fuel consumption and carbon emissions costs, which are highly correlated with speed. Different start times are subject to different traffic conditions, so the vehicle experiences differences in speed during driving, and these differences are an important cause of the result. Therefore, we believe that a reasonable choice in logistics operation time can reduce logistics costs, improve resource utilization, and reduce carbon emissions.
Furthermore, we discuss the changes in the total cost of distribution under different weight settings. The experimental results are shown in Table 4 . From these results, as customer satisfaction increases, the total cost of distribution decreases. There are two reasons for this reduction in total costs. (1) The cost of ''greening'' is higher than that of customer TABLE 3. The impact of the task start time on the results (failure to consider customer satisfaction). satisfaction. As the weight of ''greening'' costs continues to decrease, total costs also decrease. (2) Although the excessive pursuit of customer satisfaction, neglecting the concept of green logistics, reduces costs, it has the consequences of increased carbon emissions and reduced energy efficiency.
VI. CONCLUSION
The integration of the green logistics concept and smart logistics technology is an important trend in the development of the logistics industry. By combining green logistics and smart logistics, this paper considers the dynamic GVRP. This issue is of great significance for controlling carbon emissions and improving energy efficiency. This research has reference value for logistics companies in planning dynamic driving routes. The experimental results show that a reasonable planning and delivery task time can effectively reduce costs, control carbon emissions and improve resource utilization. The excessive pursuit of distribution efficiency and cost may also have a negative ecological impact.
Due to the limitations of authors' research level and the paper length, this paper considers only the GVRP when using the same type of distribution vehicles. The use of distribution vehicles of different types can be a new perspective for subsequent research. In addition, due to the lack of relevant data on actual traffic conditions, this paper can carry out only simulation experiments. Furthermore, the research in this paper does not use the speed of each moment but instead uses the average speed based on different traffic states. The above limitations need to be resolved through follow-up research.
